One of the main current challenges of electric vehicles (EV) is to create a reliable, accessible 1 and comfortable charging infrastructure for the citizen that enhances the demand. In this paper, a 
needed at charging stations and not on the planning of charging stations. The tool uses Excel to allow 80 the analysis of the effects of typical loads and the load of EV on the distribution network. 81 Wagner et al. [18] take into account the EV users' travel destinations (i.e., restaurants, shops or 82 banks). These destinations are considered as points of interest (PoIs) . The authors propose a model 83 that ranks the PoIs according to their attraction for EV users. To solve the problem of where to locate a 84 station, they propose two approaches: (i) a method based on obtaining maximum demand coverage 85 and at the same time calculating the most optimal location of charging points; (ii) an iterative method 86 that penalizes a PoI if it is close to an existing charging point. The main drawback is that it only uses 87 information about the journeys of EV users.
88
Wei et al. [19] propose a tool that models the demand for taxis, stations, and electric taxis. The 89 objective is to maximize the service of the electric taxi and the service of charging them using a genetic 90 algorithm. For this purpose, the authors take into account the range that a taxi can travel, the charging 91 time, and the capacity of the EV stations. Sweda et al. [21] propose an agent-based decision support system to identify patterns in residential 100 EV ownership and driving activities to enable strategic deployment of new charging infrastructure.
101
The proposed model incorporates road network data to permit micro-level analyses of the market for EVs. However, other factors relevant for an effective charging infrastructure such as geography as 103 well as to demographics are not considered. 
163
In the first phase, the PoI Agent determines the PoIs P for the location of a charge station s i .
164
Initially, the agent considers as PoIs the public parking and garages. These PoIs are visited by a high 165 number of users, usually the duration of stay is enough to charge a EV, and the power contracted in the 166 installation is suitable for EV charging station [25] . The consideration of these initial locations will not 167 only increase the utilization but also increase the visibility, which might help to relieve range anxiety 168 and promote EV acceptance. In order to be able to determine these PoIs (i.e., areas with collective car 169 parkings and garages), we used the General Urban Development Plan and the land uses of the city.
170
This set of PoIs was considered as a starting point for the possible locations of the charging stations.
171
To determine the area of influence of each PoI, a Voronoi diagram was created. Some (rectangular) 172 boundaries are defined to limit the area of the city and then, the Voronoi diagram is calculated using the PoI. This allowed us to consider an area rather than a single point to provide more flexibility in locating 176 a charging station. The polygons around the PoIs designate their area of influence.
177
Once the polygons containing the PoIs were identified, they were characterized from the extraction areas where there may be collective vehicle parking (i. e., shopping malls, work areas, etc.).
181
In a second phase, the Emplacement Optimizer Agent takes the polygons, the information that 182 characterizes each of them and the constraints of the problem (e.g., the number of stations to be installed, time limit to obtain a solution, etc.) and initiates the search for solutions by means of the 184 previously described genetic algorithm. Finally, once a configuration has been obtained, the user can 185 visualize the location of the stations on the city map. per PoI. A PoI p i is characterized by a set of attributes that define it p i = {a 1 , a 2 , . . . , a n }:
197
• Population in the area around p i The goal of the application is to find a configuration of charging stations at some of the pre-defined
204
PoIs. A configuration is composed of a set of points p i where one or more stations s i are located, configurations. Given this scenario, the fact of using a genetic algorithm allows us to use a heuristic 219 dedicated to the stochastic search that reaches near optimal solutions.
220
To solve the problem of the configuration of stations, we proposed a genetic algorithm that 
227
The fitness function evaluates the quality of the solutions, that is, the quality of the individuals 228 (i.e., configurations C i ). In our problem, the fitness function corresponds to the usefulness of placing p1 p2 p3 … p9 … … pn charging stations in the selected points. This function considers different attributes described above
230
(p i = {a 1 , a 2 , . . . , a n }) balanced by weights. to the next generation of the algorithm. This is done before applying the crossover operator. In 235 our implementation, we used the tournament selection method, which makes several random 236 groups of individuals, called tournaments, and selects the best one of each group.
237
• Crossover. Two parents are selected and a new individual child is created by combining the 238 genes of the parents. Among the different crossover methods that exists, we used the cross 239 uniform, which swaps genes from parents taking a uniform number of genes from them.
240
• Mutation. A new individual is generated by mutating some of the genes of a selected individual.
241
This operator is used to maintain genetic diversity from different generations. Mutation is 242 applied during evolution according to a probability which must be set low.
243
The proposed genetic algorithm performs as follows (see Algorithm 1). Initially, a population 
where a population refers to the population of the area covered by the charging stations located in p i ; 
Case study: Valencia

267
This section describes a case study of the proposed system using data from the city of Valencia. 
288
In the first phase, the MAS determines the P potential PoIs for the location of a charge station s i 289 taking into account data from the General Urban Development Plan. In particular, the points shown 290 in Table 2 were selected. To determine the area of influence of each of the PoIs, a Voronoi diagram is 291 created around the selected zones (see Figure 3 ).
292
Figure 3. Voronoi diagram from the selected zones as potential points to locate charging stations.
In the second phase, the MAS collects data about the city of Valencia. Specifically, the MAS collects Once the genetic algorithm finishes, the best individual (i.e., configuration of EV charging stations) in 304 the population is provided based on the value provided by the function of fitness presented in Equation 305 1. An example of a solution given by the User Interface Agent in which the locations where each charge 306 point would be located is shown in Figure 5 . 
Experimental Results
308
In this section, we present a series of experiments in which we analyze the behavior of the genetic 309 algorithm that the Emplacement Optimizer Agent uses in order to find out the best parameters for 310 our scenario. However, the entire MAS platform was used for the experiments carried out. Moreover, prior to the execution of the proposed experiments, unit tests were carried out on the entire system.
312
These tests allowed us to validate that the system performed as expected.
313
Our genetic algorithm is implemented using the deap 1 library of Python. For our experiments, the 
328
We also tested different crossover techniques of the genetic algorithm. Concretely, the single point The cross uniform technique has the best results in our scenario, followed by the two points technique.
337
The reason of the better performance of the cross uniform technique is that it produces new individuals generations are approximately the double of the computation times for 100 generations.
347
Considering the complexity of this task, the computation times are tractable for initial populations 348 around 2000 to 3000, which proved to be enough to find near-optimal solutions in the test of Figure 6 .
349
We remind that the goal of our MAS is to find a solution to emplace charging stations in the city. Therefore, the locations of the charging stations in both solutions also determine the quality of them.
367
For instance, Figure 9 (a) places a charging station in the far south of the city because there is some 368 activity there. However, this activity is not significant enough and it would be a waste of resources to 369 place a charging station so far of the city because it is an area that does not need to be covered (in our behaves with real input data from the city of Valencia.
386
As future work, the system can be extended for a more detailed analysis of the activity and 387 mobility of people in the city. Specifically, the proposal can be applied to be able to detect alternative 388 routes to locate charging stations by the citizens, to facilitate accessibility between different charging 389 stations or to identify more mobility patterns that affect the charging point infrastructure. We also plan
390
to include information about the availability of dedicated parking space to potentially install charging 391 points in the model.
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